ABSTRACT In vehicular networking, the heavy traffic can cause channel congestion and hence, degrade the tracking accuracy of cooperative vehicle safety systems. To overcome this problem, a dynamic packet reception model that integrates the packets reception rate and the vehicle density is proposed. Then, a trafficflow-based vehicle density estimation method is designed. This estimation method is capable of predicting the vehicle density in the scenario, where there exist strong interactions among the vehicles. Based on the vehicle density method, a dynamical transmission power control strategy is developed. This transmission power control strategy employs model predictive control to make the optimal control decisions based on the estimated vehicle density. Experimental analyses demonstrate that the dynamical power control strategy can greatly enhance the vehicle tracking performance of cooperative vehicle safety systems under dynamical traffic situation.
I. INTRODUCTION
Vehicular networking relies on wireless communications for the delivery of vehicles' state and emergency warning messages to their neighbors. The most important application in vehicular networking is cooperative vehicle safety systems (CVSSs) [1] - [3] . DSRC standard for vehicular networking has specified that each vehicle in CVSSs periodically broadcasts its own state information (location, speed, accelerate, etc.) to its neighboring nodes over a shared control channel, in order to predict the potential collisions. The vehicle also receives the state information from their neighboring nodes through this control channel [4] . Each vehicle in CVSSs uses the received state information to predict the movement trajectory of its neighbors. By comparing the trajectory of its own with that of its neighboring nodes, CVSSs determine whether there are possible collisions [4] . This communication technology is standardized as IEEE 802.11p and IEEE 1609 standards [4] that are encapsulated in the DSRC protocol [5] . CVSSs have a great role in vehicle safety and can reduce the crashes heavily [6] .
CVSSs mainly rely on the performance of vehicle tracking accuracy to predict the potential collisions. Vehicle tracking accuracy is the error between the actual position of a sender and the estimated position by its neighbor [7] . In CVSS, however, the channel resources are limited. A lot of vehicles in a heavy traffic condition will compete against each other for the channel resources to send packets, which could cause a high channel load and consequently, lead to a great number of packet losses. Field measurement has shown that in a scenario with 360 nodes that send 10 packets per second, the packet loss ratio can reach up to 71.1% [8] . As a consequence, the tracking accuracy will decrease as the latest packets are dropped, which may adversely affect the correct operations of CVSSs.
Transmission power and transmission rate are the two important tunable network parameters in CVSSs [9] . The channel load can be limited by controlling these two network parameters. SAE J2945/1 standard [10] and several solutions [3] , [8] , [9] , [11] , [12] have been developed to resolve the DSRC channel congestion problem. SAE J2945/1 standard and the existing solutions, however, mainly use channel status to adjust the transmission power or the transmission rate. Due to the channel fading, the observed global channel status will be different for each node. Since the congestion control algorithms in these methods adopt the threshold-based method, the slightest difference between the perceived channel status and the threshold value will trigger the opposite parameters adjustments among nodes, resulting in unfairness. Although the additional algorithm in SAE J2945/1 standard [10] computes the Maximum inter-transmit time based on the number of neighboring nodes, this method obtains the number of nodes through the real-time detection for the real traffic situation. Because of the features of this detection method, actions to control the channel load are undertaken only after the traffic has been congested. This will require some time to recover from the congested channel conditions, which put the safety application at risk of not being able to make realtime alerting. Distinct from the congestion control algorithms defined in SAE J2945/1 standard and other exiting solutions, the proposed strategy, by using the estimated vehicle density, operates in a proactive and rolling-horizon manner to adjust the transmission power around a fair and efficient equilibrium point.
In order to get the real-time vehicle density information, several vehicle density estimation methods [13] - [16] have been proposed. For example, a vehicle density estimation method that utilizes the vehicles' state information (position, speed, acceleration, etc.) was developed in [13] and [14] . An approach that uses a single vehicle's speed and acceleration to estimate the vehicle density was designed in [15] . Sanguesa et al. [16] used the number of state messages received and the topology characteristics to estimate the vehicle density. Most of these methods, however, all assume that the vehicles are distributed homogeneously over the road segment, which is not realistic. In the actual scenario with the heavy traffic, the movement of vehicles is mainly affected by the vehicle density in front. Thus, it is urgent to design a vehicle density estimation method that takes into account the interactions between vehicles to estimate the vehicle density, in order to obtain the real-time vehicle density information in real traffic scenarios.
In this paper, we present a dynamical transmission power control strategy (DTPCS) to reduce the channel load while enhancing the vehicle tracking performance. In the proposed DTPCS, a dynamic packet reception model that correlates the packet reception rate with the vehicle density is firstly proposed. Then, a traffic-flow-based vehicle density estimation method that uses the interactions between vehicles to compute the real-time vehicle density is developed. Based on the estimated vehicle density, an adaptive transmission power control strategy that employs Model Predictive Control (MPC) to adjust the transmission power is presented. Different from all the traditional congestion control strategies that use channel status to passively adjust the network parameters, the proposed DTPCS, by using the real-time vehicle density, operates in a rolling-horizon fashion to adjust the network parameters. The main contributions of this work include:
(1) We present a packet reception model by taking into account the real-time vehicle density. Based on this packet reception model, a dynamic packet reception rate model is derived. This model integrates the vehicle density and the network performance to quantify the packets reception ability under variable traffic environments.
(2) We design a traffic-flow-based estimation method to predict the real-time vehicle density. This method utilizes the interactions between vehicles and hence can make an accurate prediction for vehicle density under heavy traffic conditions.
(3) We develop a distributed optimization algorithm in which each node computes their transmission powers in parallel according to the current vehicle density. At the same time, an adaptive power control algorithm is designed. This algorithm uses MPC to optimize the transmission power for each node based on the estimated vehicle density, so as to achieve high tracking performance in dynamical traffic environments.
The structure of this paper is as follows: Section II introduces the development of channel congestion control strategies. Section III gives the fundamentals of MPC theory. Section IV presents a dynamic packet reception model. Section V provides a vehicle density estimation method. Section VI develops an adaptive transmission power control algorithm based on MPC theory. Section VII illustrates the simulation results. Finally, Section VIII summaries this paper.
II. RELATED WORKS
There have many solutions to resolve the channel congestion problem. These solutions are classified into the following types based on the means they employed.
One mean is to adjust the transmission power, Khorakhun et al. [11] proposed an algorithm to control the transmission power using the channel busy time. In this strategy, the transmission power is tuned by measuring whether the channel occupy ratio is higher or lower than a predefined threshold. The work in [12] uses the received messages to estimate the channel load and then dynamically selects a transmission power. This strategy minimizes the interference to other vehicles. Baldessari et al. [17] designed a joint power and rate control strategy to limit channel load caused by periodic state information. This strategy uses the channel busy time to tune the power parameter. Torrent-Moreno et al. [18] developed a distributed fair congestion control strategy (D-FPAV). By estimating the channel load, D-FPAV maximizes the minimum transmit power over all vehicles and hence restricts the load within a predefined MaxBeaconingLoad (MBL). These above congestion control strategies, however, mainly focus on network performance criteria such as throughput maximization or minimization of payload delivery delays. The vehicle tracking accuracy, which is the essential metric of CVSSs, has not been considered.
To increase vehicle tracking accuracy, Huang et al. [19] designed an information dissemination control strategy that adjusts the transmission power and the transmission rate by using the channel busy time and position accuracy. The work in [7] analyzed how different choices of network parameters affect the network performance and position accuracy, and then gave a channel-state-based feedback power control strategy.
The other mean is to control the transmission rate. The work in [20] proposed a transmission rate strategy using the suspected position errors. In this strategy, if the suspected error is higher than an error threshold, the node throttles its transmission rate. Otherwise, it increases its transmission rate. Rezaei et al. [21] developed an adaptive transmission control strategy that relies on position errors to tune the transmission rate. The above two transmission rate strategies, however, do not consider the effect of packets losses on the tracking accuracy. In CVSSs, the packet losses can cause high tracking errors. In the presence of packet losses, Huang et al. [22] introduced a closed-loop rate adjustment strategy. The proposed strategy relies on the channel occupancy ratio and tracking errors to decide whether to deliver the packet or not. This algorithm utilizes a closed-loop feedback control concept and accounts for the lost packets. In [23] , a closed-loop transmission rate control strategy is proposed. This strategy tunes the transmission rate in an on-demand manner. It increases its own transmission rate when it suspects its tracking error is over a certain critical threshold. It deceases its transmission rate when it perceives that the channel is congested. He et al. [24] designed a cross-layer-based congestion control strategy to restrict the channel load. This strategy controls the rate parameter based on the measured channel occupancy time at the MAC layer.
All the above channel congestion control strategies, however, mainly exploit the channel state to decide how the network parameters should be taken. The control inputs to restrict the channel load are executed only after the shared channel has been congested. Hence, during recovery from the congested state, the vehicle position errors remain high, which adversely affects the collision warning performance. The channel load of IEEE 802.11p is mainly affected by the vehicle density. Hence, it is imperative to develop a dynamical channel control strategy that makes use of the up-to-date vehicle density to optimize the network parameters, in order to provide high tracking performance for CVSSs under various traffic scenarios.
III. PRELIMINARIES
Model Predictive Control (MPC) is an advanced optimization method that has been widely applied in industry [25] , [26] . Based on MPC, the systems are optimized online using a predictive model. The main advantage of MPC is that it can effectively deal with constraints and handle environmental changes and the parameter variations. Fig. 1 shows the working principle of Model Predictive Control. Let T s be the sample interval. MPC performs the following steps to solve an optimization problem: a) At time step k(t = kT s ), the MPC controller first measures the current system state and environment state and then uses a predictive model to obtain the future state of this system over a horizon [k, 
b) The controller solves an optimization problem to get the
, where N C is the control horizon and N P is the prediction horizon.
c) At time step k, the first control input u(k) of the control inputs u(k), . . . , u(k + N C − 1) is set to the system. d) Move the optimization horizon forward by one sampling interval, and execute the optimization procedure repeatedly according to the new measurements of the system and the environment.
In the following, we present a dynamic packet reception model to quantify the ability of network to successfully receive packets under the continuous change of vehicle density. This packet reception model combined with the MPC approach can be used to control the transmission power.
IV. DYNAMIC PACKET RECEPTION MODEL FOR CVSSs
The vehicle tracking accuracy in CVSSs is mainly determined by a network performance measure: packet reception rate [27] . In this section, a dynamic packet reception probability model is presented. Then, a dynamic packet reception rate model is proposed.
A. PACKET RECEPTION MODEL
Suppose that the transmission of packets follows a Poisson distribution with rate R. Vehicular networking uses carrier sense multiple access / collision avoidance (CSMA/CA) mechanism to manage the communication resources [21] . The transmission probability of node i in a time slot is defined as follows:
where W is the minimum contention window size, P a i = 1 − e −RT VS (k) is the probability that a packet arrives during the average transmission time of a packet. VOLUME 6, 2018 In order to receive the packets successfully, none of the neighbors of node i should send packets when node i is transmitting. By integrating the vehicle density, the successful reception probability P j succ (k) of a neighbor j is defined as follows:
where ρ(x, k) is the vehicle density in road section x at time k, r i (k) is the transmission range of node i at time k. τ is the channel access probability of neighboring node j within the communication range of node i
B. DYNAMIC PACKET RECEPTION RATE MODEL
The vehicle tracking accuracy in CVSSs is heavily depended on the number of packets successfully received and the amount of neighbors. These two quantities can be modeled by a performance metric of the packet reception rate in IEEE 802.11p [7] . The packet reception rate measures the rate of successful reception of packets by all neighboring nodes [7] . The amount of neighbors is variable since the traffic changes frequently. Hence, the variable nature of vehicle density should be embedded in the packet reception rate. The dynamic packet reception rate (DPRR) with the varying vehicle density is given as follows:
where R a i (k) is the transmission rate of attempt by sender i and P j succ (k) is the successful reception probability of receiver j. The transmission rate of attempt by sender i is defined as follows:
where τ (k) is the transmission probability of a node in a time slot,
is the probability that the channel is busy,
is the probability of the channel being idle, T s is the average duration when the channel is busy, T o is the duration when the channel is idle. Based on Equation (2), (3) and (4), the DPRR model of node i that considers the factor of dynamical vehicle density is given as follows:
DPRR in Equation (3) and (5) is determined by both the rate of successful reception of packets at neighboring nodes and the number of neighboring nodes within the transmission range. The rate of successful reception of packets is equal to transmission rate multiplied by the successful reception probability. The transmission rate plots how many packets are transmitted by a sending node per unit time. The successful reception probability depicts what percentage of packets is successfully received by receivers. As a result, the metric of DPRR in our paper indicates that how many copies of the broadcast packets of a sending node are successfully received by all its neighboring nodes per unit time under dynamic vehicle density. The tracking accuracy is mainly determined by DPRR. We adjust the network parameters for high DPRR in order to gain the accurate tracking performance.
In order to obtain the high tracking performance in different traffic scenarios, we have to adjust the network parameters based on the real-time vehicle density. Therefore, in the following section, we design a vehicle density estimation method to estimate the vehicle density in real traffic conditions.
V. VEHICLE DENSITY ESTIMATION
In the heavy traffic situation, vehicles interact with each other. In order to make an accurate estimation of vehicle density in the real traffic environments, we utilize the traffic flow model to describe the interactions between vehicles and then, design an algorithm to estimate the vehicle density.
The vehicle density is an important quantity in the traffic flow theory. The traffic flow varies over space and time. Traffic flow includes three main parameters: the vehicle density, the flow rate and the velocity. There is a fundamental relationship among these three parameters that [28] :
where q(x, k), v(x, k), and ρ(x, k) are the vehicle density, the flow rate and the velocity in road section x at time t, respectively. The traffic flow model is a fluid dynamic model and satisfies the fluid dynamic conservation equation. In this paper, we use the following Lighthill−Whitham−Richards (LWR) model to establish the traffic flow conservation equation [28] :
where c i (x, k) is the inflow rate of vehicles arriving to the road section x at time k and, c 0 (x, k) is the outflow rate of vehicles departing from the road section x at time k. The conservation equation (7) is a partial differential equation. To solve Equation (7), we transform the partial differential equation (7) into an ordinary differential equation [29] :
In the scenario with high vehicle density, the velocity of a vehicle decreases when the vehicle density in front increases. Hence, there exist interactions between vehicles. Therefore, we use the front-density-dependent velocity model to character the interactions between vehicles. The front-densitydependent velocity model is given as follows [35] :
where ϕ −1 (·) is the inverse function of ϕ(·), and ρ(x + x, k) is the vehicle density at location x + x. ϕ(·) defines the driving contexts. For example, s d = ϕ(v(x, t)), in which s d is the distance between two vehicles, and v(x, t) is the velocity of vehicles. Using Equation (8) and Equation (9), we can estimate the vehicle density dynamically. The vehicle density estimation procedure is described as follows: at time k = 0, the node first make a sample of the inflow rate c i (x, 0) and the outflow rate c o (x, 0). Assuming the vehicle density in road section x at time k = 0 is ρ(x, 0), according to Equation (9), we can obtain the vehicle velocity v(x, 0). Based on c i (x, 0), c o (x, 0) and v(x, 0), by solving the differential equation (8), we can obtain the vehicle density ρ(x, 1) in road section x at time k = 1. Move the estimation procedure forward by one sampling interval. The estimation procedure is repeated using the new measurements of the inflow rate and the outflow rate. Hence, we can obtain the vehicle density at the next time step.
In the next section, we will illustrate how the DPRR model and the vehicle density estimation method developed above can be used to design a dynamical transmission power control strategy, such that the high tracking performance is maintained under various vehicle density.
VI. DYNAMICAL TRANSMISSION POWER CONTROL
The first subsection introduces the formulation of transmission power control problem. Then, an adaptive transmission power control algorithm is presented.
A. FORMULATION OF TRANSMISSION POWER CONTROL PROBLEM
In MPC method, the controller obtains the optimal control inputs over a control horizon of N C by optimizing a performance function [25] . The vehicle tracking accuracy in CVSSs is mainly determined by the network measure of DPRR. In order to enhance the vehicle tracking accuracy in the circumstance of dynamic vehicle density, we solve an optimization problem to obtain the optimal power control inputs that maximize the DPRR performance over the prediction horizon [k + 1, k + N P ]. Based on MPC method, at time step k, the transmission power control problem that node i maximizes its DPRR subject to transmission power constraints is formulated as follows: (10) where N P is the prediction horizon, r min is the minimum transmission range and r max is the maximum transmission range. In CVSSs, the minimum transmission range is about 50m and the maximum transmission range is about 500m [12] . From the DPRR model (5), we can see that given the current vehicle density ρ i (x, k + l), the DPRR of sender i at time (k + l) depends only on the current transmission range r i (k+l). This means that the DPRR model (5) is a memoryless model. Therefore, we use the 1-step model predictive control, i.e., N c = N p = 1, to determine the optimization actions in the control problem (10) . Once the optimal communication range is obtained by solving the control problem (10), based on the Two-ray ground reflection propagation model [31] , we can map the optimal communication range to a unique optimal power value.
The optimization procedure for the transmission power control based on MPC is described as follows. At time step k, node i first measures the flow rate in the road section and then, uses the density estimation method to estimate the vehicle density of this section over a horizon of N P steps, i.e., ρ i (x, k+1), ρ i (x, k+2), . . . , ρ i (x, k+N p ). Next, the MPC controller solves the optimization problem (10) to determine the current optimal transmission range inputs of node i,
, where N C is the control horizon, N P is the prediction horizon and T s is the sample interval. Finally, the prediction horizon is shifted one sampling interval forward and at the next time step (k + 1), the optimization procedure is repeated by measuring the new flow rate. Now, we want to discuss the existence of the optimal solution of the optimization problem (10) . The existence of the optimal solution of a optimization problem should meet the following two requirements [32] : (1) The strategy space is the non-empty and bounded closed convex set; and (2) The performance function is a continuous concave function.
Theorem 1: For the current vehicle density ρ(x, k + l), the optimal solution for the optimization problem (10) exists.
Proof: The strategy space r min ≤ r i (k + l) ≤ r max is non-empty and bounded closed convex. From the optimization problem (10), we can see that the performance function z i are all continuous with the strategy space r i of node i.
Since the transmission of packets follows a Poisson distribution, based on Equation (1), we can see that τ 1. According to Taylor series expansion,
. We obtain the following expression for the performance function in the optimization problem (10), (11) as shown at the bottom of this page.
The second partial derivative of z i with respect to r i is given by:
Theorem 1 shows that given the vehicle density at time (k +l), the optimal solution for the optimization problem (10) exists. However, we should ensure that the optimization problem has a unique solution given the current vehicle density. Next, we give the proof for this uniqueness of the solution to the optimization problem (10).
Theorem 2: For the current vehicle density ρ i (x, k + l), the solution to the optimization problem (10) is unique.
Proof: In order to prove the uniqueness of the solution to the optimization problem (10), we define a Lagrangian equation for the performance function in the optimization problem (10) . The Lagrangian equation for the performance function of node i in the optimization problem (10) is defined as follows:
where µ i ≥ 0 and λ i ≥ 0 are Lagrangian multipliers. As the utility function J i is strictly concave with respect to the transmission range r i , and moreover, the constraint r min ≤ r i (k + l) ≤ r max is closed and bounded convex, according to the convex optimization theory [32] , [38] - [40] , the Karush−Kuhn−Tucker condition is the sufficient and necessary condition for J i to be maximized. The Karush−Kuhn−Tucker condition for the maximization problem of J i with respect to transmission range r i is given as follows:
Let η * i denote the optimal solution of the optimization problem (10) corresponding to the current vehicle density ρ i (x, k + l). We can obtain the following optimal conditions for node i by solving Equation (14) .
Since the utility function J i is strictly concave with respect to the transmission range r i , there exists a unique optimal solution for
∂r i (k+l) = 0. Thus, from Equation (15), we can see that the optimal solution for the optimization problem (10) is unique.
Theorem 2 shows that the optimization problem (10) has a unique solution given the current vehicle density. Therefore, according to Theorem 2, we can design a solving algorithm to find this unique solution for the optimization problem (10). In the next section, we will design a distributed algorithm to obtain the optimal solution for the optimization problem (10).
B. DISTRIBUTED ALGORITHM FOR TRANSMISSION POWER CONTROL
The MPC optimization problem (10) is a non-linearly constrained optimization problem. We utilize the penalty function method to construct a penalty term for the optimization problem (10) and then, transform the constrained optimization problem (10) into an unconstrained optimization problem. Based on the penalty function method [32] , a penalty term is constructed for the optimization problem (10) as follows:
Hence, the penalty function for the optimization problem (10) is defined as follows: (17) where α > 0 is a penalty factor.
The constrained optimization problem (10) can be transformed into the following unconstrained optimization problem:
From the penalty term (16), we can see that when r i satisfies the boundary constrains on transmission rang in the optimization problem (10), P i (r i (k)) = 0; On the contrary, when r i (k) violates the constrains, P i (r i (k)) > 0. This means that the more severely the constrains are violated, the larger the value of P i (r i (k)) will be. Therefore, the penalty term P i (r i (k)) in Equation (16) would penalize the node who violates the boundary constrains on transmission range values. This makes the transmission power obtained by node i at the current iteration remain within the minimum value r min and the maximum value r max . If a larger value is assigned to α, node i will be punished more severely when it violates the boundary constraints, which accelerates the convergence of the transmission range to values that meet the boundary constraints. By using the sub-gradient method, the transmission range of each node i can be adjusted using the following iterative equation:
where m is the number of iterations, r m i (k + l) is the value of transmission range at iteration m, β is the step size, and α m is the size of penalty factor at iteration m.
Based on Equation (19), we can design an algorithm to solve the optimization problem (10) . This algorithm is given by Algorithm 1. Algorithm 1 is a distributed optimization algorithm in which each node solves the optimization problem (10) independently and performs the computing at the same time. Now, we analyze the time complexity of Algorithm 1. In Algorithm 1, all nodes solve the optimization problem (10) independently and perform the parallel computing. Hence, the time complexity of Algorithm 1 is irrelevant to the number of nodes. Thus, the time complexity of Algorithm 1 depends only on the iteration number required in the convergence process. Algorithm 1 employs a penalty function method to solve the optimization problem (10) . In the penalty function method, the convergence speed is mainly depended on the size of the penalty factor α. If the selected parameter α is large enough, it only require one iteration for algorithm 1 to converge. Hence, by assigning a suitable penalty factor α, the time complexity of Algorithm 1 can reach a constant level.
Having obtained Algorithm 1, we can prove the convergence of Algorithm 1. Let {r m i (k + l)} denote the sequence of transmission range generated by Algorithm 1, r * i (k + l) be the solution of the optimization problem (10), and α m be the penalty factor. We have the following lemmas.
Lemma 1: For α m < α m+1 , the formula F(r m+1 i
Proof: According to the definition of the penalty function in Equation (17) , the following formulas hold:
Therefore, if α m < α m+l , the formula F(r m+1 i
Lemma 2: Assume that r * i (k + l) is the solution to the optimization problem (10), for each iteration m of the solving process, the formulas
is the solution of the optimization problem (10), according to the definition of the penalty function in Equation (16), P i (r * i (k +l)) = 0. Hence, the following formulas hold:
Therefore, for each iteration m, the formulas
Based on Lemma 1 and Lemma 2, we will show the proof for the convergence of Algorithm 1. Letr be the limit point of the sequence {r m i (k + l)} and α m be the penalty factor. Theorem 3: Given the current vehicle density ρ i (x, k +l), for Algorithm 1, the formulas J i (r) = max
Since J i is a continuous function with respect to r i , the following formula holds:
According to Lemma 1 and Lemma 2, F(r m i (k + l), 
Using Equation (23) minus Equation (22), we can obtain lim 
. Hence, the following equality holds:
. Therefore, the limit pointr of the sequence {r m i (k + l)} generated by Algorithm 1 converges to the optimal solution of the optimization problem (10) .
From Theorem 3, we can see that for the current vehicle density ρ i (x, k + l), Algorithm 1 can converge to a unique solution of the optimization problem (10) . Hence, the high tracking performance at time (k + l) can be achieved. In order to enhance the tracking performance in the scenarios with dynamic vehicle density, we will design an adaptive power control algorithm to obtain the real-time power control inputs.
C. ADAPTIVE POWER CONTROL ALGORITHM
Due to the uncertainty and variability of the vehicle density, the transmission power has to be adjusted in an online manner. According to the principle of MPC theory, an adaptive power control algorithm is designed. Algorithm 2 sketches this adaptive power control procedure. Based on Theorem 3, each node i performs Algorithm 1 and hence obtains the power control sequence The basic principle of Algorithm 2 is as follows: at the current sampling instant k, the vehicle density estimation module predicts the vehicle density over the time internal [(k+l)T s , . . . , (k+N p )T s ]; Next, by solving the maximization problem (10), the optimal transmission power at time (k + l) can be obtained; Then, the prediction horizon is moved forward by one sampling interval, and the optimization procedure is repeated using the new measurements of the system. The control input for the adaptive power control algorithm includes: the initial state of the system (the inflow rate of vehicles arriving to the road section, the outflow rate of vehicles departing from the road section, the initial number of vehicles in the road section), the sampling interval T s , the control horizon N C , and the prediction horizon N P .
Algorithm 2 Adaptive Power Control
Have given the adaptive power control algorithm of DTPCS, we must verify whether DTPCS can achieve fairness. Fairness is an important design goal of CVSSs. Fairness can ensure that each node in CVSSs has the same opportunity to access the channel. In the following, we prove the fairness of DTPCS.
Theorem 4: DTPCS can achieve the fairness such that all immediate neighboring nodes converge to the same transmission power.
Proof: In order to make decisions for each node, we employ the parallel scheme to solve the optimization problem (10) in DTPCS. We consider that two neighboring nodes, i and j, make their decision actions using parallel scheme. The parallel scheme between these two nodes is given in Fig.2 . In Fig.2 , arrow means information exchange between nodes. Dotted lines are decision actions. In Fig.2 , for each node, decisions are made after a series of optimization steps. These optimization steps are the required iterations for each node i to obtain the optimal solutions. In the parallel scheme, each node solves the optimization problem (10) at the same time, i.e.:
Node i solves the optimization problem (10) using Equation (19) at time step k: (24) Node j solves the optimization problem (10) using Equation (19) at time step k: (25) Each node i moves to the next iteration m + 1 and continues the solving process until the optimal decision action of each node is obtained when the current vehicle density is ρ i (x, k). Even though there exist interactions between vehicles, the local vehicle density on each road segment is uniformly distributed [29] . Hence, if node j is the immediate neighbor of node i, the vehicle density in the area of the communication range of node i is identical to the vehicle density in the area of the communication range of node j, i.e., ρ i (x, k) = ρ j (x, k). In Equation (10) , when the vehicle density ρ i (x, k) is fixed, J i (r i (k), ρ i (x, k) ) only depends on the transmission range r i (k), i.e., the transmission power P i (k). Therefore, if node i is the immediate neighbor of node i at time step k, by maximizing the objective functions ρ j (x, k) ) respectively, we can obtain the optimal transmission powers P * i (k) and P * j (k) for node i and node j with P * i (k) = P * j (k). Therefore, the proposed transmission power control strategy can achieve the fairness and ensure that each immediate neighboring node has the same chance to transmit.
VII. PERFORMANCE VALIDATION
This section first gives the parameters configuration for this simulation, and then introduces the simulation procedure for the proposed congestion control strategy.
A. PARAMETERS CONFIGURATION
We use NS3 to evaluate the proposed channel congestion control strategy. We simulate a 4-lane highway with the length of 1-km in NS3 [34] . In each simulation, the acceleration of each vehicle follows a normal distribution with the mean vehicle speed 30m/s, which is typical for highways [30] . Vehicles broadcast their own state information to their neighbors over a DSRC channel. The propagation model used in the DSRC channel is Two-ray ground reflection propagation model [31] . Table 1 shows the parameters configuration for this simulation. We use the measure of average position error of all neighbors as the performance indicator to evaluate our strategy. The average position error metric is defined as
where e ji (k) = x i (k) −x ji (k), x i (k) is the real position of node i at time k,x ji (k) is the estimated position of node i by the receiving node j at time k, n is number of nodes, and T is the total simulation time [22] .
B. SIMULATION RESULTS
The traffic that we simulate covers the scenarios changing from the free-flow traffic to the congested traffic. According to [30] , the maximum vehicle density in a congested fourlane highway is ρ c = 0.4vehicles/m. Hence, we evaluate our transmission power control strategy in the circumstance of vehicle density changing from 0vehilce/m to 0.4vehicles/m.
Since the vehicle density varies over space and time, the estimation of the vehicle density over the entire road segment is not equal to the local vehicle density on each short section. Therefore, to estimate the local vehicle density, we divide the road segment into short sections with the length of 100m each. The vehicle density in the road segment is initialized as follows: in the section [0m, 400m], the vehicle density is set to 0.08vehicles/m; in [400m, 500m], the vehicle density is 0.035vehicles/m; in [500m, 1000m], the vehicle density is 0.05vehicles/m. The flow rate that vehicles arriving to the road segment and the outflow rate that vehicles departing from the road segment are given in Table 2 and Table 3 . Based on the work in [37] , we make a simulation to verify the performance of the vehicle density estimation method. Fig. 3 plots the distribution of local vehicle density in each short section at each time slot, which is obtained using the developed vehicle density estimation method. From Fig. 3 , we can see that in the section of (0, 400m], the vehicle density changes from the free-flow state to the congested state; while in the section of (600m, 1000m], the vehicle density changes from the congested state to the free-flow state. All the vehicle density in section x at time k in Fig. 3 is computed using the vehicle density estimation method. To verify the accuracy of the proposed vehicle density estimation algorithm, we compare the computed vehicle VOLUME 6, 2018 density from the estimation algorithm with that obtained from the simulation. We use VISSIM [36] to simulate the traffic scenario. The simulation scenario is a 4-lane highway with the length of 1km. The vehicles flow rate entering into the highway changes from 0 to 4 vehicles/s. The vehicle's speed is 80-120Km/h. The obtained vehicle density is plotted in Fig. 4 as a function of vehicle rate entering to the highway. From Fig. 4 , we can see that the proposed algorithm is accurate in predicting the vehicle density. It can be seen that as the vehicle arrival rate increases, the vehicle density reaches a constant point. This is the jam scenario where vehicles are stuck in the traffic. To verify the correctness of the DPRR model, we compare the packet reception rate obtained from the theoretical model with that obtained from the simulation. The parameters setup in this simulation is given in Table 1 . Fig. 5 plots the average packet reception rate computed by each node. As can be seen from Fig. 5 , the results from the theoretical model coincide with the results from the simulation, which verifies the correctness of the theoretic model. From Fig. 5 , we can see that for each transmission range parameter, the packet reception rate first increases and then decreases when the vehicle density is increasing. The reason for this result is that the channel is not congested when the vehicle density is low, and hence, more state information are successfully transmitted; however, when the vehicle density increases continuously, more nodes would get access to the channel at the same time, which causes repeated packet collisions. Fig. 6 plots the average packet reception rate with different transmission range under different vehicle density. In this experiment, the adjustments of the transmission range of each node are performed simultaneously. We can see that the packet reception rate also first increases and then decreases with the increase of transmission range. Moreover, Fig. 6 shows that there exists an optimal but different value of transmission range such that the maximum packet reception rate for a given vehicle density is achievable. Next, we will see that how the transmission power is adjusted when using the proposed dynamical power control strategy. The parameters setup in this simulation is given in Table 1 . Fig. 7 shows the change of the transmission range for the nodes in section c = 150 and c = 350. Fig. 8 shows the change of the vehicle density in section c = 150 and c = 350, respectively. We can see that in section c = 150, the vehicle density declines gradually and the traffic changes from the congestion state to the free-flow state. For section c = 350, during the time interval [0s, 30s], the traffic is in a free-flow state; at t = 30s, the traffic changes into a congestion state. From Fig. 7 and Fig. 8 , we can see that the transmission power decreases with the increase of the vehicle density. This is reasonable because the closest neighbors would tend to pose more threat to other nodes. Thus, we must maintain the accurate tracking performance for nearer neighbors. On the contrary, when the vehicle density decreases, the transmission power increases. This can reserve the channel resources to farther neighboring nodes and thus, maintain higher tracking accuracy for faraway neighbors. To verify the capability to respond to the varying vehicle density, we compare the tracking accuracy obtained using DTPCS with that obtained using TPCOS strategy [27] . TPCOS is a congestion control strategy that utilizes the observed channel busy time to adjust the power parameter for robust tracking. The parameters setup in this simulation is given in Table 1 . The distribution of vehicle density in section c = 350 is shown in Fig. 8 . The comparison is shown in Fig. 9 . From Fig. 9 , we can see that the TPCOS strategy generates oscillations as the vehicle density changes. The reason behind this is that actions to restrict the channel load in TPCOS strategy are undertaken only when channel congestion status has been detected. Therefore, during the interval of channel status detection, the channel remains congested. Hence, the TPCOS strategy is very slow to react to the changes of traffic conditions. Instead, the proposed dynamical power control strategy can ensure the stability of control while providing the high tracking accuracy during the change of traffic conditions. The reason for the observation is that our proposed strategy uses MPC and the vehicle density estimation, and hence can make a control decision to avoid the channel congestion before the arising of high vehicle density. Therefore, the dynamical power control strategy has rapidly real-time response ability and is robust against varying traffic situation.
One of the objectives of CVSSs is to track a larger number of neighboring nodes and maintain high tracking accuracy for each node. The higher the packets reception rate is, the more accurate the tracking accuracy will be. Both the number of neighboring nodes and the packets reception rate can be characterized by the measure of DPRR that is defined in Equation (5) . DPRR characters the amount of packets of a sender that are successfully received by its neighboring nodes per unit time under dynamical vehicle density. The tracking accuracy mainly depends on DPRR. Hence, to verify the validity of our DTPCS, we compare the DPRR performance of DTPCS with that of Err-Dependent strategy [21] and Err-Coll-Dependent strategy [23] . Err-Dependent strategy utilizes the tracking errors to adjust the rate parameter. Err-Coll-Dependent strategy uses the tracking errors and the channel occupancy ratio to control the transmission rate. The parameters setup in this simulation is given in Table 1 . Fig.10 shows the DPRR obtained by Err-Dependent strategy, Err-CollDependent strategy and DTPCS respectively. We can see that the DPRR of Err-Dependent strategy and Err-Coll-Dependent strategy increase first, and then decrease. The reason is that when the vehicle density is low, the amount of the packets is relatively small due to the fewer neighboring nodes. When the vehicle density is high, too many packets collide and thus fewer packets arrive at the neighboring nodes. Moreover, the DPRR of these two strategies are both lower than that of DTPCS. The reason behind this is that Err-Dependent and Err-Coll-Dependent strategies take advantage of the rate adjustments to control the channel load. However, the transmission rate control strategy has its own limits and even the minimum transmission rate can produce too many packets and hence bring about a heavy channel load, which results in a large number of packets collisions and thus degrades the DPRR. strategies are computed using the statistics from nodes within the communication range of sending nodes. It can be seen that as the vehicle density increases, the probabilities of successful reception obtained by Err-Dependent and Err-CollDependent strategies decrease respectively. For our DTPCS, the obtained probability of successful reception of packets is maintained at a stable state (about 69.5%). From Fig.11 , we can see that when the vehicle density is low, the probability of successful reception of DTPCS is lower than that of Err-Dependent and Err-Coll-Dependent strategies. The reason is that the objective of DTPCS is to maximize the DPRR. When the vehicle density is low, the number of neighboring nodes that successfully receive the packets from a sending node is low. Thus, DTPCS has to increase the transmission power so that more nodes will receive the packets successfully and hence the DPRR can be improved. As a result, the probability of successful reception of DTPCS will be reduced since more nodes compete for the channel resources with the increase of the transmission power. To verify whether the proposed DTPCS can lead each node to the fair channel access, we simulate a scenario where the vehicle density in the highway is 0.1vehicles/m. The parameters setup in this simulation is given in Table 1 . Fig.12 shows the evolution of the power adjustments made by each node in TPCOS. From Fig.12 , we can see that the power assignments of vehicles in TPCOS diverge from each other when the power adjustments start. This can result in the unfair share of the limited channel resources. Such unfairness affects the proximity tracking accuracy for some vehicles. The reason for this observation is that the existence of inevitable disruptions in the channel affects the measured channel status at each node. As a result, each node may get different local channel status. Due to the use of the threshold-based power control in TPCOS, the power adjustments made by each node can diverge from each other. Fig.13 shows the power adjustments made by our DTPCS. From Fig.13 , we can see that DTPCS successfully guide each node to reach the power equilibrium point and can achieve the fair resource allocation. To verify the tracking performance of our DTPCS, we compare tracking errors of DTPCS with those of Beaconing strategy [4] , Err-Coll-Dependent strategy [23] and TPCOS [27] . The parameters setup in this simulation is given in Table 1 . Fig.14 shows the comparisons. From Fig.14, we can see that, when the vehicle density varies from the congested state to the free-flow state, the tracking errors generated by DTPCS all reach the minimum values. The tracking errors obtained by Beaconing strategy are very high. The reason behind this is that Beaconing strategy uses the fixed transmission power and hence would suffer more packets collisions when there is a high vehicle density. Err-Coll-Dependent strategy uses the tracking errors and the channel occupancy ratio to tune the transmission rate; however, the rate control suffers from the limitations. This is because even the minimum rate of 2Hz can also produce the high channel load in the situation with heavy traffic. TPCOS adjusts the power parameter using the observed channel busy time; however, during the interval of the channel status detection, the tracking errors are high. Our proposed control strategy adjusts the transmission power according to the estimated vehicle density and undertakes channel control actions before the channel congestion happens. Thus, our strategy can maintain high tracking accuracy under various traffic conditions. Although for the low vehicle density, Beaconing strategy and Err-Coll-Dependent strategy provide higher tracking accuracy than the proposed dynamical power control strategy, the channel resources are far from fully utilized. Instead, our DTPCS strategy adaptively increases the transmission power when the current vehicle density is low, and therefore, reserves the limited channel resources to farther nodes, rather than to the closer nodes.
VIII. SUMMARY AND OUTLOOK
This paper presents a MPC-based dynamical congestion control strategy to provide the high tracking performance for each node under different traffic conditions. We first give a dynamic packet reception rate model that integrates the network metric with the vehicle density. Then, a vehicle density estimation method that can estimate the density in the traffic scenarios with strong interactions among vehicles is developed. Based on the dynamic packet reception rate model and the estimated vehicle density, a dynamic transmission power control strategy is designed. This power control strategy employs MPC to make the optimal decisions for vehicles in the scenarios with dynamical vehicle density. The results of the simulations indicate that the designed channel congestion control strategy has strong robustness against variations of traffic conditions, and can enhance the vehicle tracking performance under varying traffic situation.
Since vehicles in different driving context may have different safety requirements, our future work will focus on the congestion control strategies that utilize the safety application requirements of each vehicle to adjust the transmission parameters, in order to make efficient usage of the limited channel resources and at the same time, satisfy the required tracking accuracy for vehicles in different driving context. Moreover, due to the uncertainty and variability of the vehicle mobility and traffic conditions, it is hard to determine the current state of the system and predict the next state of the system. Therefore, it is difficult to determine current optimal control actions. In the future work, we will learn the environmental variability and adjust the network parameters online based on the reinforcement learning method.
